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Key Points 17 
1. Bayesian Data-Driven approach integrates knowledge from the vast compendium of established 18 
synthetic models with empirical loss data. 19 
2. This approach improves accuracy and quantifies reliability of synthetic flood loss models using 20 
local empirical data. 21 
3. Continuous integration of empirical data from multiple flood events, using Bayesian Data-Driven 22 
approach improves loss predictions for a potential future event.  23 
 24 
Abstract 25 
Flood loss estimation models are developed using synthetic or empirical approaches. The synthetic 26 
approach consists of what-if scenarios developed by experts. The empirical models are based on 27 
statistical analysis of empirical loss data. In this study, we propose a novel Bayesian Data-Driven 28 
approach to enhance established synthetic models using available empirical data from recorded 29 
events. For five case studies in Western Europe, the resulting Bayesian Data-Driven Synthetic (BDDS) 30 
model enhances synthetic model predictions by reducing the prediction errors and quantifying the 31 
uncertainty and reliability of loss predictions for post-event scenarios and future events. The 32 
performance of the BDDS model for a potential future event is improved by integration of empirical 33 
data once a new flood event affects the region. The BDDS model, therefore, has high potential for 34 
combining established synthetic models with local empirical loss data to provide accurate and reliable 35 
flood loss predictions for quantifying future risk. 36 
 37 
1. Introduction   38 
Due to changing climate and increased settlements and assets in the flood plains, risk to life and 39 
property due to flooding is rising (Barredo 2009, Merz et al. 2012, Domeneghetti et al. 2015). Decisions 40 
concerning Flood Risk Management (FRM) focusing on new flood defense schemes and resilience 41 
initiatives are generally based on risk assessment encompassing of future hazard scenarios and the 42 
resulting damages. Models focusing on the hazard components (hydrology and hydraulics) are 43 
constantly being developed and improved by the research community, and are outside the scope of 44 
this paper; especially, the integration of physics-based models with Machine Learning algorithms have 45 
led to the development of high-resolution hazard maps (Teng et al. 2017, da Costa et al. 2019). In 46 
addition to flood hazard modelling, accounting for flood damage processes is crucial to predict losses. 47 
Flood damage processes are modelled using loss models, also called as vulnerability functions (Ward 48 
et al. 2019). Flood loss models are an essential component of the risk chain as they quantify flood risk 49 
in terms of economic losses (Merz et al., 2010). Flood loss models are generally developed using two 50 
approaches: 1. Synthetic or Engineering functions, 2. Empirical modelling. Synthetic models use expert 51 
opinions or engineering solutions that result in a set of What-If scenarios to estimate flood losses. They 52 
are not based on statistical analysis of observed data (Penning-Rowsell and Chatterton, 1977). One of 53 
the major advantages of synthetic loss models is their non-dependency on empirical data. However, 54 
the development of detailed damage scenarios covering all damage possibilities and building 55 
characteristics requires high effort (Smith, 1994). Since these models are synthesized based on a 56 
variety of data sources, such as expert knowledge and technical papers, the advantage is that these 57 
models are more generalized and lead to higher levels of standardization compared to empirical 58 
models and therefore are more suited to being used for actions that require accountability, such as 59 
investment decision-making (Smith, 1994; Merz et al. 2010; Amadio et al., 2019). For practical 60 
applications, the outputs from the synthetic models are required to capture the observed damage 61 
processes. However, except in very few models such as the INSYDE (Dottori et al. 2019), the empirical 62 
loss values do not constitute the model development.  63 
 64 
Empirical models are developed based on real damage information observed from past events and 65 
hence, require large amounts of high-quality detailed data on flood damages and the damage-66 
influencing factors, such as water depth (Merz et al. 2010, Smith, 1994). These models aim to represent 67 
the relationship between flood damage and its influencing factors using patterns that occurred in the 68 
past events. The empirical models may be based on data from a single event (localized model) or 69 
cumulative data from multiple events (generalized model). Flood loss models purely based on localized 70 
empirical datasets are unable to reliably predict building damages for other events (Wagenaar et al. 71 
2018). In contrast, generalized models (e.g. Bayesian Network, multi-level parameterization) based on 72 
data from multiple events cover a wider range of damage processes and perform better for new events 73 
(Wagenaar et al. 2018, Sairam et al. 2019). As empirical models are based on real damage data, it is 74 
expected that they capture the observed damage processes and are less prone to surprises (Merz et 75 
al. 2015). However, an important disadvantage is their requirement for detailed damage surveys. 76 
These are often expensive and time consuming. Survey campaigns that are conducted after extreme 77 
events may result in a large sample of respondents that reported damage. However, in the case of 78 
surveys conducted after small localized events, the resulting datasets are often insufficient to model 79 
different damage processes.  80 
Owing to lack of detailed object-level damage data, only a few studies have validated the flood loss 81 
models against observed loss estimates (Gerl et al. 2016; Amadio et al., 2019). An advantage of the 82 
empirical approach is the possibility to use a part of the empirical data for validation during model 83 
development. However, since synthetic models are generally developed when empirical data is 84 
unavailable, both calibration and validation of synthetic models remain a challenge. Both synthetic and 85 
empirical flood loss models may be deterministic or probabilistic. More than 95% of the state-of-the-86 
art flood loss models are deterministic (Gerl et al. 2016).  87 
Deterministic models result in one damage estimate based on the influencing factors. On the other 88 
hand, probabilistic models provide a distribution of losses. In reality, there exists variability in damage 89 
predictions given by the loss model based on the influencing factors. This may be due to the inherent 90 
stochastic nature of damage processes and other reasons such as uncertainty in empirical data, model 91 
structure and missing influencing factors in the model (Schröter et al. 2014, Winter et al. 2018). 92 
Decision makers and administrators are required to consider thoroughly the reliability of the flood loss 93 
models, in order to base FRM decisions and investments on the loss predictions. Hence, flood loss 94 
models should provide loss predictions along with an estimate of their uncertainty and reliability. A 95 
probabilistic flood loss model estimates the probability of occurrence of all possible loss scenarios for 96 
each object and results in a distribution of predicted losses. Probabilistic models potentially account 97 
for all sources of uncertainty in model parameters, structure and variability in the modelled processes 98 
based on observed data and assumptions concerning damage processes. Hence, there is an increasing 99 
interest in developing probabilistic approaches for flood loss modelling (Schröter et al. 2014, Wagenaar 100 
et al. 2018, Rözer et al. 2019, Lüdtke et al. 2019). In the presence of large detailed empirical datasets, 101 
advanced approaches for the development of probabilistic loss models are given by Wagenaar et al. 102 
(2018) and Rözer et al. (2019). Thus, another advantage of the empirical approach is the possibility to 103 
develop probabilistic models whose reliability can be determined. Since the synthetic models are not 104 
fitted to observed losses during development, they are commonly not calibrated. Hence, it is 105 
impossible to estimate the reliability of the synthetic model without validating the model against 106 
empirical loss data (Zischg et al. 2018). 107 
We propose to combine the empirical and synthetic approaches to harness advantages of both 108 
concepts. To this end, we use relevant empirical loss data for enhancing the synthetic model 109 
predictions. The objective of this study is to propose and validate a Bayesian Data-Driven approach 110 
that calibrates the predictions of existing synthetic flood loss models using relevant empirical loss data 111 
at the object-level (residential buildings), within a probabilistic framework. The resulting flood loss 112 
estimation model is a Bayesian Data-Driven Synthetic (BDDS) Model. The BDDS model associates 113 
probability distributions with synthetic model outputs and can explain variability across households 114 
due to characteristics, which are not taken into account by the synthetic loss model. The BDDS model 115 
requires a synthetic model and local empirical data to calibrate the model for that region. The synthetic 116 
model can refer to any spatial scale (regional, national, continental). The BDDS model is aimed at 117 
enhancing the synthetic loss model by providing truly probabilistic loss predictions that are sharp 118 
(narrow width of distribution of predictions), calibrated and reliable for both central values and 119 
dispersion.  120 
The BDDS model is tested for improvement in predictive capability compared to the standard national 121 
synthetic model, based on case studies from four countries in Western Europe – UK, Netherlands, Italy 122 
and Germany. We develop the BDDS model for residential buildings using the loss predictions from the 123 
synthetic flood loss models and empirical loss data from one or several (if available) flood events from 124 
the specific case study regions. Moreover, the BDDS model allows integrating synthetic model 125 
predictions with a continuous collection of empirical data after each flood event, in order to enhance 126 
prediction of flood losses due to potential flood events that may occur in the future. 127 
The paper is organized as follows: Section 2 explains the Methods and Data including setting up the 128 
framework for BDDS model (2.1), BDDS model construction (2.2) and metrics for assessing model 129 
performances (2.3); explanation of case studies, object-level empirical data and the synthetic models 130 
used in the study (2.4). Results including damage prediction for post-event scenarios and future events 131 
are reported and discussed in Section 3. Section 4 includes concluding points focusing on 132 
implementation of the model, scope for future work and software availability.  133 
 134 
2. Methods and Data 135 
2.1. Setting up the framework for BDDS model: 136 
The BDDS model describes the relationship between empirical losses and their corresponding 137 
deterministic loss predictions from synthetic models by means of a full Bayesian approach. The 138 
parameters of the BDDS model are indicators pertaining to the deviation between the synthetic model 139 
predictions and empirical observations. Also, the full joint posterior probability distribution of the 140 
BDDS model parameters can be obtained along with the predictive distribution of flood losses given 141 
the synthetic model and empirical losses from events that occurred in the region. From the credibility 142 
intervals of the predictive distributions, it is possible to estimate the uncertainty in the flood loss 143 
predictions. 144 
 145 
The BDDS model is based on the premise that the empirical losses and synthetic loss predictions may 146 
be seen as components of a statistical model, in which the synthetic loss predictions are considered as 147 
exogenous variables (one that is determined outside the model, and imposed on the model) that are 148 
used to determine the observed losses. The BDDS model estimates losses using a linear function with 149 
empirical loss as the dependent variable regressed against the synthetic loss prediction. We assume 150 
that the BDDS model is identifiable for households within a region: i.e., the damage processes that 151 
occur in households belonging to one region are the same. Hence, the BDDS model assumes a single 152 
set of parameters for each region.  153 
 154 
In order to make the loss predictions comparable across the different case studies, we use relative loss 155 
to buildings, 𝑟𝑙𝑜𝑠𝑠, which is the ratio of absolute building loss to its total reconstruction value in the 156 
respective currencies, at the time of the event (Elmer et al., 2010). The rloss values are between 0 and 157 
1, where 0 indicates no damage and 1 indicates complete damage, requiring reconstruction of the 158 
building. The BDDS model is given in  1.  159 
 160 
𝑟𝑙𝑜𝑠?̃?|𝑟𝑙𝑜𝑠𝑠_𝑠𝑦𝑛 ~ 𝐵𝑒𝑡𝑎(𝛼, 𝛽)   Equation - 1 161 
𝛼 =  𝜇 × 𝜑 162 
𝛽 = (1 − 𝜇) × 𝜑 163 
𝜇 = 𝑖𝑛𝑣 𝑙𝑜𝑔𝑖𝑡 (𝜆 × 𝑟𝑙𝑜𝑠𝑠_𝑠𝑦𝑛 + 𝜀) 164 
In this model definition, the observed rloss is represented as 𝑟𝑙𝑜𝑠?̃? and the rloss predictions from 165 
synthetic model is represented as 𝑟𝑙𝑜𝑠𝑠_𝑠𝑦𝑛. Since the observed losses are not included in the 166 
synthetic model development, the BDDS model definition uses a set of parameters to alter the 167 
synthetic model predictions to agree with the observations. 𝑟𝑙𝑜𝑠?̃? is modelled as a beta distribution 168 
with logit transformation, since, unbounded distributions might result in implausible values for 𝑟𝑙𝑜𝑠?̃? 169 
(Rözer et al. 2019). The beta distribution holds two parameters 𝛼 and 𝛽 which are algebraically 170 
determined using location parameter 𝜇 and variance parameter 𝜑. 𝜇 is a function of the synthetic rloss 171 
predictions (𝑟𝑙𝑜𝑠𝑠_𝑠𝑦𝑛) with parameters slope (𝜆), intercept (𝜀). These parameters are estimated by 172 
modelling the deviations of the empirical loss data from the synthetic model predictions using Markov 173 
Chain Monte Carlo (MCMC) sampling implemented using STAN (Carpenter et al. 2017). We initially 174 
provide priors that describe our general belief about the distribution of the parameters. For example, 175 
𝜑 is required to be positive and hence given a un-informative generic prior, 𝑔𝑎𝑚𝑚𝑎(0.01,0.01). We 176 
provide un-informative generic priors to 𝜆 and 𝜀 to determine the parameterization of BDDS model 177 
based on the availability of evidence from empirical loss data. The MCMC sampling creates a large 178 
number of replications of these parameters explaining the data generation process of flood losses. This 179 
results in approximate posterior distributions of 𝑟𝑙𝑜𝑠?̃?. 180 
2.2.  BDDS model construction 181 
In reality, we are particularly interested in the capability of the BDDS model to estimate expected flood 182 
losses to buildings after an event (post-event scenarios) or predict expected losses for a potential 183 
future event. Therefore, we focus only on the temporal update of BDDS considering two scenarios: 184 
1. Post-event: Comparison of a BDDS model developed using empirical data from one event against 185 
synthetic loss predictions, for the same event using 10-fold Cross Validation (local 10-fold CV). The 186 
empirical dataset from the event is split into 10 parts, a BDDS model is trained with 9 parts of the 187 
dataset and validated on the left-out data (10th part). This is repeated 10 times, i.e., until all of the 188 
dataset is validated. The model definition of the post-event scenario is given by Equation 2.  189 
Future event: Comparison of a BDDS model developed using empirical data from one or more 190 
events against synthetic loss predictions, for a future event that occurs in the same region 191 
(Temporal one-step ahead Cross Validation; see Figure 1). Since flood damage processes are 192 
influenced by human-flood interactions such as preparedness and land use changes (Barendrecht 193 
et al. 2019), events occurring in the same region may show significant changes in terms of damage 194 
processes over time. Based on empirical evidence, it is expected that exposure and vulnerability 195 
show rather similar characteristics within one region than between regions (Schröter et al 2014, 196 
Sairam et al 2019). 197 
 198 
A BDDS model (BDDS e1) is developed using synthetic model and empirical flood loss data from the 199 
first event (e1). This model provides calibrated probabilistic loss predictions for the future event, 200 
e2. After the occurrence of the event e2, a BDDS model (BDDS e1, e2) is developed using the same 201 
synthetic model and empirical loss data from both events e1 and e2. This model results in calibrated 202 
probabilistic loss predictions for the event e3, which may potentially happen in the future. The 203 
BDDS model definition of the future event scenario is given by Equation 3.  204 
 205 
Synthetic models are also sometimes updated to consider significant changes in damage processes 206 
over time. For example, in the UK, the MCM damage datasets have been incrementally updated and 207 
improved for over 40 years. Since the MCM online publication (https://www.mcm-online.co.uk/) in 208 
2013, the MCM functions are updated considering available evidences on changes in building contents 209 
and structure as well as repair, drying and reconstruction costs and other socio-economic 210 
determinants. For predicting damages from potential future events, the recent models are preferable. 211 
Considering the available multi-event case studies, none of the corresponding synthetic models were 212 
updated between the events.  213 
 214 
Figure 1: Framework for Temporal one-step ahead CV using a synthetic flood loss model and 215 
continuous collection of empirical flood loss data. The components involved in the development of 216 
BDDS model are shown with solid lines and the predictions are shown as dot-dash lines. 217 
 218 
𝑝(𝑟𝑙𝑜𝑠?̃?𝑏′𝑒|𝑟𝑙𝑜𝑠𝑠𝑏𝑒̃ ) =  ∫ 𝑝(Θ 𝑟𝑙𝑜𝑠?̃?𝑏′𝑒|𝜃)𝑝(𝜃|𝑟𝑙𝑜𝑠𝑠𝑏𝑒
̃ )𝑑𝜃        Equation - 2 219 
𝑝(𝑟𝑙𝑜𝑠?̃?𝑏′𝑒′|𝑟𝑙𝑜𝑠𝑠𝑏𝑒̃ ) =  ∫ 𝑝(Θ 𝑟𝑙𝑜𝑠?̃?𝑏′𝑒′|𝜃)𝑝(𝜃|𝑟𝑙𝑜𝑠𝑠𝑏𝑒
̃ )𝑑𝜃        Equation - 3 220 
 221 
The BDDS model definition for the two scenarios of CV are given in equations 2 and 3, respectively. We 222 
are particularly interested in the posterior predictive distribution of the target variable 𝑟𝑙𝑜𝑠?̃? of 223 
residential buildings 𝑏′ that are not included in training the BDDS model conditioned on the observed 224 
losses from the empirical dataset, 𝑟𝑙𝑜𝑠𝑠𝑏𝑒̃  from buildings 𝑏 and events 𝑒. For the post-event damage 225 
prediction, the posterior prediction consists of residential buildings that are from the same event 𝑒 as 226 
the empirical data used in the BDDS model training/calibration (Equation 2). For the future event 227 
damage prediction, the posterior prediction of 𝑟𝑙𝑜𝑠?̃? are estimated for residential buildings from a 228 
future event 𝑒′ that was not used in the BDDS model training/calibration. 𝜃 contains the beta model 229 
parameters (𝜑, 𝜆 and 𝜀) as shown in Equation 1. Hence, after specifying a prior for 𝜃, one finds the 230 
posterior distribution 𝑝(𝜃|𝑟𝑙𝑜𝑠𝑠𝑏𝑒̃ ). 231 
 232 
2.3. Metrics for assessing model performances  233 
The influence of the BDDS model in enhancing synthetic flood loss models is quantified by comparing 234 
the predictive performance of the BDDS model against the synthetic model. The predictive 235 
performance is evaluated in terms of accuracy of the point estimate based on the median of the 236 
predictive distribution (50th percentile of the distribution), using the Mean Absolute Error (MAE) and 237 
Mean Bias Error (MBE); the reliability and uncertainty of the predictions are evaluated by means of the 238 
Hit rate (HR) and Interval Score (IS) metrics (Gneiting et al. 2007). The HR represents the percentage 239 
of predictions where the observed data falls into the 90% High Density Interval (HDI) of the prediction 240 
(HDI90; values between the 5th and 95th percentiles of the distribution); the interval score (IS) penalizes 241 












𝑖=1            Equation – 5 244 
𝐻𝑅 =  
1
𝑛
∑ ℎ𝑖;  ℎ𝑖 =
𝑛
𝑖=1 1 𝑖𝑓 𝑟𝑙𝑜𝑠𝑠𝑖  ∈  𝐻𝐷𝐼90𝑖;  0 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒        Equation - 6 245 







𝑖=1 (min(𝐻𝐷𝐼90𝑖) − 𝑟𝑙𝑜𝑠?̃?𝑖)| {𝑟𝑙𝑜𝑠?̃?𝑖  <  min (𝐻𝐷𝐼90𝑖)} +
2
𝛽
 (𝑟𝑙𝑜𝑠?̃?𝑖 −246 
max(𝐻𝐷𝐼90𝑖)| {𝑟𝑙𝑜𝑠?̃?𝑖 > 𝑚𝑎𝑥(𝐻𝐷𝐼90𝑖)}           Equation - 7 247 
 248 
Where 𝑟𝑙𝑜𝑠?̃? is the observed rloss from empirical dataset, 𝑟𝑙𝑜𝑠𝑠 is the 50th percentile of the predictive 249 
distribution and 𝛽 scales the score based on the considered HDI; 𝛽 =  1 − (0.95 − 0.05), for 90% HDI. 250 
Least MAE and least absolute value of MBE indicate the better performing model. High HR is 251 
characteristic of reliable estimates. A smaller IS indicates narrow 90% HDI, which may be potentially 252 
due to a larger coverage of empirical loss observations representing the damage processes. Thus, a 253 
smaller IS indicates a sharper distribution of the predictions with higher reliability. Most synthetic 254 
models considered in this study are deterministic and hence, do not provide a distribution of loss 255 
predictions. Thus, only MAE and MBE can be estimated for these synthetic models. However, if 256 
uncertainty due to stochastic processes or missing variables are considered by the synthetic model as 257 
it is the case for INSYDE (Dottori et al. 2016), the reliability of the synthetic and DDM models can be 258 
compared using IS and HR estimates. 259 
 260 
2.4. Case studies: Synthetic models, event description and empirical data  261 
2.4.1. Cumbria, United Kingdom 262 
2.4.1.1. Synthetic model: Multi Coloured Manual (MCM) 263 
The Multi-Coloured Manual (MCM) (Penning-Rowsell et al., 2013) was initiated in 1977 and 264 
incrementally improved thereafter and was developed for the purpose of benefit appraisal for flood 265 
investment. It aims to represent national economic losses in sterling. Adopting a deterministic 266 
approach, the MCM provides a range of synthetically-generated absolute depth-damage functions for 267 
residential and non-residential properties of different types which have been developed to provide 268 
national consistent values. The damage functions are generated for individual inventory items and 269 
building contents per social grade based on the best ownership and economic values available from 270 
market-based surveys and synthetically generated susceptibility curves. For residential properties, 271 
unique damage functions are provided according to the type and duration of flooding, warning lead 272 
time, building type, year of construction and social class; and estimates of damage are provided for 273 
the building fabric and contents and the costs of drying and cleaning. Weighted average damage 274 
function curves are then obtained for the different properties considering the national distribution of 275 
properties in flood prone areas. For comparability, we utilize MCM loss data to only the residential 276 
building fabric and divide by reconstruction cost to obtain an estimate of relative loss. Since empirical 277 
data concerning social class was not available, an initial MCM assessment for building fabric losses was 278 
performed utilizing different damage functions based on type of flooding, water depth, duration of 279 
inundation, warning lead time, building type and year of building construction. 280 
 281 
2.4.1.2. Event description and empirical data: Cumbria 2015 282 
The December 2015 flood event in Cumbria (Storm Desmond) was characterized by exceptionally high 283 
rainfall, temperature and soil moisture. This is the biggest recorded flooding in Cumbria in almost all 284 
the river basins. In comparison, the meteorological winter of 2015/2016 was the wettest on record 285 
across all of the UK. The December 2015 event with a return period of 800 to 1,000 years in some parts 286 
of Cumbria broke numerous climate records resulting in extreme flooding and strong winds. This event 287 
is estimated to have caused impacts between £520 and £662 Million (Szönyi et al. 2016). In most parts 288 
of Cumbria, the flooding occurred due to overtopping of the structural protection measures such as 289 
dikes and flood walls. In Cockermouth and Keswick, the improved flood protection reduced the impacts 290 
of the 2015 event. Further information on the event can be found in Szönyi et al. (2016) and Cumbria 291 
County Council (2018). The households reported up to 3 meters of inundation depth and the duration 292 
of inundation was between a few hours to almost 48 hours in many regions. 293 
 294 
After the 2015 event, computer-aided telephone surveys were undertaken targeting the households 295 
that suffered damage during the 2015 flooding. A list of affected streets was obtained using the flood 296 
outlines published by the Environment Agency DEFRA (Environment Agency DEFRA, 2019) and the 297 
telephone numbers of households in these streets were obtained from public telephone directory. The 298 
survey locations were mainly spread over northern UK, mainly focused on the Cumbria region covering, 299 
Appleby, Keswick, Kendal, Carlisle and Cockermouth. The survey consisted of questions concerning the 300 
hazard (water depth, duration, velocity, contamination etc.), exposure (rebuilding cost and content 301 
value), vulnerability (building type, construction year, private precautionary measures, emergency 302 
measures, warning information etc.) and incurred damage to building structure and contents. The 303 
reconstruction costs for the houses were obtained from the Association of British Insurers 304 
(https://www.abi.org.uk/). The households that provided water depth and building loss information 305 
from the Cumbria region were selected for this analysis. This resulted in a dataset with 33 residential 306 
buildings. All of these households provided information pertaining to the initial appraisal of the MCM. 307 
The summary statistics of the responses from the households are provided in Table 1. 308 
2.4.2. Meuse, Netherlands 309 
2.4.2.1. Synthetic model: SSM 310 
SSM is a flood loss model developed for the Dutch national government (De Bruijn et al., 2014). It is 311 
\]the standard model applied in all Dutch flood risk management studies for the national government. 312 
It is an update of an earlier model called Standard Damage and Fatality assessment model (HIS-SSM) 313 
(Kok et al., 2005). The damage function applied in this paper, for residential structural damage was 314 
first proposed in Duiser (1982). This damage function is based on a combination of information 315 
synthesized from empirical observations concerning flood damages from three events: the coastal 316 
floods in Zeeland in 1953, the Wieringermeer flood of 1945 from a large lake and a flood in Tuindorp-317 
Oostzaan in 1960 (canal dike breach), interviews from experts and damage functions from Penning-318 
Rowsell et al. (1977).  319 
2.4.2.2. Event description and empirical data: Meuse 1993 320 
This dataset is based on the 1993 flood of the Meuse River in the Dutch province of Limburg. It has 321 
been described in WL Delft (1994), Wind et al. (1999) and Wagenaar et al. (2017). The 1993 Meuse 322 
discharge was 3,120 m3/s, the highest recorded up to that point. 8% of the province was flooded 323 
causing about 180 Million Euro damage (price level 2016) (Wagenaar et al., 2017). Unlike most of the 324 
rest of Dutch rivers, in 1993 the Meuse River didn’t have dikes yet in Limburg.  325 
The data was collected to compensate affected households. Every flooded building was visited, 326 
resulting in a complete data set of 5,780 records. The data collection was carried out by insurance 327 
experts who visited the affected buildings weeks after the flood, often before restoration activities 328 
were completed. The experts also recorded the water depth in the buildings but this wasn’t their 329 
primary objective and was sometimes difficult to assess because the flood had happened weeks prior. 330 
In Wagenaar et al. (2018) the recorded flood losses have been transferred to relative losses. The 331 
summary statistics of the survey responses are given in Table 1. 332 
2.4.3. Adda, Caldogno and Secchia, Northern Italy 333 
2.4.3.1. Synthetic model: INSYDE (Dottori et al, 2016) 334 
INSYDE is an expert-based synthetic model, developed for the Italian context. The model is based on a 335 
what-if analysis, consisting in a virtual step-by-step inundation of a residential building and in the 336 
evaluation of the corresponding physical and monetary damage as a function of hazard and building 337 
characteristics. A mathematical function describes the damage mechanisms for each building 338 
subcomponent (walls, doors, etc.), and the associated cost for reparation, removal, and replacement; 339 
when the influence of hazard and building variables cannot be determined a priori, damage 340 
mechanisms are modelled using a probabilistic approach. In total, INSYDE adopts 23 input variables, 341 
six describing the flood event and 17 referring to building features. However, the model can be also 342 
applied when the available knowledge of the flood event and building characteristics is incomplete, 343 
given the possibility of automatically considering default values for unknown parameters and of 344 
expressing some of the variables as functions of other ones. The model supplies damage in absolute 345 
terms but an estimation of relative damage can be obtained.  346 
 347 
2.4.3.2. Event descriptions and empirical data: Adda 2002, Caldogno 2010, Secchia 2014 348 
In this case study three flood events in the Po valley in Northern Italy are considered. The first one 349 
happened in November 2002 in the town of Lodi. The flood resulted from a most critical combination 350 
of events for the lower part of the Adda river, namely the simultaneous increase of the discharges from 351 
the Como lake and of the Brembo river, that is the largest tributary of the Adda upstream of Lodi. 352 
Between the 25th and 26th of November, the Adda reached the hydrometric height of 3.43 m above 353 
the reference level (68.28 m a.s.l.), corresponding to a discharge between 1,800 and 2,000 m3/s. The 354 
return period has been estimated as 100-200 years. Large portions of the town were flooded with 355 
water levels above 2 m in some neighbourhoods. The second flood event happened in the Veneto 356 
region, where from the 31st of October to the 2nd of November 2010, persistent rainfall affected the 357 
pre-Alpine and foothill areas, with peaks of more than 500 mm in some locations (ARPAV, 2010). 358 
Consequently, about 140 km2 of land was inundated, involving 130 municipalities, some of which were 359 
particularly negatively affected. The situation of Bacchiglione River and its tributaries was especially 360 
critical, where hydrometric levels overcame historical records (water velocities in the river higher than 361 
330m3/s were registered; see Belcaro et al., 2011), causing the opening of a breach on the right levee 362 
of the river on the morning of the 1st of November. The countryside and the settlements of Caldogno, 363 
Cresole and Rettorgole were flooded with an average water depth of 0.5 m (ARPAV, 2010) for about 364 
48 hours. The total damage, including residential properties, economic activities, agriculture and public 365 
infrastructures, was estimated to be about EUR 26 million, of which EUR 7.5 million relate to the 366 
residential sector (Scorzini and Frank, 2017). Finally, the last event happened in January 2014 in the 367 
central area of the Emilia–Romagna region (Modena province), where in the early morning of the 19th 368 
of January the water started to overtop the right levee of the Secchia River, flooding the countryside. 369 
The breach was not caused by an extreme river discharge (the return period of the event was estimated 370 
around 5 years), but by the collapse of the river embankment, weakened by animal burrows (D’Alpaos 371 
et al., 2014). Seven municipalities were affected with an inundated area of around 52 km2 with the 372 
small towns of Bastiglia and Bomporto suffering the largest impacts remaining flooded for more than 373 
48 h. The total volume of overflowing water was estimated about 36x106 m3, with an average water 374 
depth of 1 m (D’Alpaos et al., 2014). The economic cost inflicted on residential properties, according 375 
to damage declaration, amounted to EUR 36 million. 376 
After the three floods, public funding was made available by the national Civil Protection Authority. In 377 
order to be reimbursed, with similar procedures for all inundation events, citizens were requested to 378 
fill in pre-filled claim forms; the latter were then mostly collected by the affected municipalities and, 379 
in a small part, by the Regional Authorities. In total, our dataset includes 1,158 buildings in the flooded 380 
areas (Amadio et al. 2019). They include information on the owner, the address of the flooded building, 381 
its typology (e.g. apartment, single house), the number of affected floors, a description of the physical 382 
damage and its translation into monetary terms (distinguishing for the different rooms among damage 383 
to walls, windows and doors, floor and content). More information about the individual flood events, 384 
their hydrodynamic simulations and the data collection campaigns were published in Scorzini et al. 385 
(2018), Molinari et al. (2020), Scorzini and Frank (2017), Carisi et al (2018), Amadio et al. (2019).  386 
The areas flooded in the three cases are characterized by similar exposure characteristics and 387 
economic well-being (Amadio et al. 2019). Previous studies compared the same cases and the findings 388 
sustain the opportunity to merge the dataset (Amadio et al. 2019). Hence, the three events are 389 
combined into one case study. The summary of empirical data from this case study is provided in Table 390 
1. 391 
2.4.4. Danube, Germany 392 
2.4.4.1. Synthetic model: Rhine Atlas Model (RAM) (ICPR, 2001) 393 
The Rhine Atlas Model (RAM) was developed in 2001 in order to determine the regions with high flood 394 
risk in the Rhine catchment based on the 1995 floods and develop risk management strategies (ICPR, 395 
2001). Since, the RAM is intended for the Rhine catchment, an inherent transfer scenario exists when 396 
the RAM is generalized to the other catchments within Germany. However, given that a number of 397 
studies consider RAM as a standard synthetic flood loss model (Jongman et al. 2012), we use the model 398 
as the standard synthetic flood loss model for Germany. The RAM is mostly based on expert judgment 399 
as well as some information based on the HOWAS empirical flood damage data (Buck & Merkel. 1999). 400 
It is a stage-damage function using water depth as the only predictor. The RAM loss prediction is based 401 
on the resolution of land-use classes similar to that of the CORINE land use data (Jongman et al. 2012). 402 
We apply the stage-damage function corresponding to losses to building structure in the residential 403 
land-use class to estimate flood loss for each residential building.   404 
 405 
2.4.4.2. Event descriptions and empirical data: Danube 2002-2013 406 
In this case study, three flood events that occurred between 2002 and 2013 in the Danube catchment 407 
is considered. Among the events, the 2013 flood was quite extreme with return period up to greater 408 
than 1000 years in some parts of the catchment. These were summer floods caused due to heavy 409 
rainfall resulting in surface water flooding and flash floods (Vogel et al. 2018). The 2013 floods were 410 
characterized by high antecedent soil moisture combined with heavy precipitation resulting in large 411 
spatial extent of flood peaks with high magnitudes resulting in the most severe flooding in Germany 412 
over the past 6 decades (Merz et al., 2014, Schröter et al. 2015). Another distinguishing feature is the 413 
occurrence of dike breaches during the Danube 2013 event. Many properties were affected after dike 414 
breaches (e.g. at Deggendorf).  415 
 416 
After these events, computer-aided cross-sectional telephone surveys of private households that had 417 
suffered from losses were undertaken using a standardized questionnaire. A list of affected streets was 418 
obtained using the flood masks derived from satellite data, (DLR, Center for Satellite Based Crisis 419 
information, https://www.zki.dlr.de/), and the telephone numbers of households in these streets were 420 
obtained from public telephone directory. The survey campaigns always focused on a single event. 421 
Depth of water within the house is determined using the reported water level in the highest affected 422 
storey by applying corrections based on the presence of a basement and height of the ground floor. 423 
Building reconstruction costs are adjusted for inflation to values as of 2013 using the building price 424 
index (DESTATIS, 2013). We consider all datasets which refer to households with basement (for 425 
unbiased measurements of water depth) and for which information on water depth and relative 426 
building loss were provided. Hence, the empirical data used in this study consists of 408 buildings from 427 
three events in the Danube catchment, that have a considerable number of completed surveys (sample 428 
size>25). The summary of empirical data from this case study is provided in Table 1. 429 
 430 
2.4.5. Elbe, Germany 431 
2.4.5.1. Synthetic model: Rhine Atlas Model (RAM) (ICPR, 2001) 432 
The Rhine Atlas Model (RAM), described in section 2.4.4.1 is implemented for estimating losses in the 433 
Elbe catchment. 434 
2.4.5.2. Event descriptions and empirical data: Elbe 2002-2013 435 
In the Elbe catchment, the 2002 and 2013 events were extreme with return periods greater than 100 436 
years. These events affected a large number of households. The 2002 event was characterized by a 437 
large number of dike breaches affecting households with low preparedness. However, after the 2002 438 
event, preparedness increased among households via implementation of private precautionary 439 
measures and emergency measures. Hence, a reduction in average losses is observed after the 2002 440 
event in the Elbe catchment. The other flood events (2006 and 2011) were smaller with return periods 441 
less than 50 years. They were caused due to rain-on-snow after the winter periods (Vogel et al. 2018). 442 
 443 
Empirical damage data was collected from the affected households in the Elbe catchment during the 444 
same survey campaigns, explained in section 2.4.4.2. The study uses four events comprising of a total 445 
of 1,110 households, that provided information on water depth and relative building loss and have a 446 
considerable number of completed surveys (sample size>25). The summary of empirical data from this 447 
case study is provided in Table 1. More information about the individual flood events in the Elbe and 448 
Danube, the surveys and their results were published in Thieken et al. (2007), Kreibich et al. (2011, 449 
2017), Kienzler et al. (2015) and Vogel et al. (2018).  450 
 451 
In this study, the Danube and Elbe catchments are considered as different case studies due to their 452 
strikingly different socio-economic and exposure characteristics which affect flood damage processes 453 
(Thieken et al. 2007). These regional differences have historical roots since the Danube catchment 454 
belonged to former West Germany and the Elbe catchment to the former East. 455 
 456 
Table 1: Sample size, the summary (average) of water depth (wd) in meters, exposed building value 457 
(bv in EUR) , absolute and relative losses to residential buildings (bloss in EUR, rloss) for the five case 458 
studies. 459 
 460 
Note: ¹ Values in € adjusted for inflation to values as of 2015; ² Values in £ converted to € using 461 
conversion rate 1€ = 0.73£. 462 
  463 
3. Results and Discussion - Comparison of predictions from synthetic loss models and BDDS models 464 
The performance of the BDDS model is compared with the synthetic models from the respective 465 
regions. Since the development of BDDS models requires empirical data, the model is independently 466 
trained for each of the local 10-fold CV as well as temporal one-step-ahead CV and is validated on the 467 
left-out dataset. During both validation scenarios, there are no variations in definition and 468 
parameterization of the synthetic models. Point estimates are assessed via MAE and MBE and 469 
prediction uncertainty and reliability via IS and HR (section 2.3). Reliability and uncertainty of loss 470 
predictions are provided by all BDDS models, representing an enhancement over the deterministic 471 
synthetic models (4 out of 5 models). Among the synthetic models, INSYDE is the only synthetic model 472 
that provides distribution of loss estimates from which IS and HR can be determined. The model 473 
validation is performed by bootstrap sampling of the synthetic and BDDS model predictions with 1,000 474 
iterations with replacement, while preserving the sample size of the empirical data during each 475 
iteration. 476 
 477 
3.1.  Local 10-fold CV 478 
We perform a local 10-fold CV in order to validate the BDDS model predictions against the synthetic 479 
model predictions for the post-event scenario. The case studies with no empirical data from the region 480 
prior to the event are used for local 10-fold CV. This scenario (Equation 2) is applicable for the Cumbria 481 
2015, Meuse 1993, Adda 2002, Danube 2002 and Elbe 2002 flood events. These events are either the 482 
only available empirical data from the respective regions or the first event of the continuous empirical 483 
Case study Event 
Sample 
size 
wd bv1 bloss1 rloss 
Cumbria, United Kingdom 
(UK) 
Cumbria 2015 33 0.6 390,3202 32,6402 0.08 
Meuse, Netherlands (NL) Meuse 1993 5780 0.4 138,000 4,307 0.03 
Northern Italy (IT) 
Adda 2002 270 0.9 197,356 10,592 0.05 
Caldogno 2010 294 0.4 268,175 18,398 0.07 
Secchia 2014 594 1.0 229,670 22,832 0.10 
Danube, Germany (DE) 
Danube 2002 225 1.7 360,107 6,352 0.02 
Danube 2005 104 2.0 412,102 7,992 0.02 
Danube 2013 79 3.0 580,109 45,675 0.08 
Elbe, Germany (DE) 
Elbe 2002 518 3.5 306,535 44,462 0.14 
Elbe 2006 42 2.9 312,417 7,066 0.02 
Elbe 2011 58 2.7 482,588 9,277 0.02 
Elbe 2013 492 2.7 434,095 23,599 0.05 
Total 8489  
data collection campaigns. All synthetic models, except SSM, result in a negative MBE which indicates 484 
that on average, all these synthetic models over-estimate the building losses (see Figure 2a). 485 
 486 
The prediction performance of the BDDS model with one event is compared against the performance 487 
of the synthetic models from the corresponding countries (Figure 2a). The BDDS model performs better 488 
than the synthetic model in terms of point estimates. As described in Equation 6, during the local 10-489 
fold CV, the model is iteratively validated on residential buildings that are not used in the model 490 
development. Thus, the local 10-fold CV evaluates out-of-sample model performance of the BDDS 491 
model. The BDDS model with RAM and empirical data from the Elbe 2002 event results in the highest 492 
improvement in predictive performance in terms of MAE and MBE. Small improvement in predictive 493 
performance is exhibited by the BDDS models - SSM and empirical data from Meuse 1993 event and 494 
INSYDE with empirical data from the Adda 2002 event. However, among the tested synthetic models, 495 
the INSYDE and SSM models result in the smallest errors in the 10-fold CV. Among the two catchments 496 
in Germany, the RAM results in larger errors predicting losses for the Elbe 2002 event compared to the 497 
Danube 2002 event. The BDDS model consistently improves the predictions for the 2002 event in both 498 
catchments.  499 
 500 
The uncertainty and reliability of the loss predictions is quantified using the IS and HR metrics. For the 501 
Adda 2002 event, the IS (HR) of the predictions from the INSYDE model is high (low) compared to the 502 
corresponding BDDS model. Hence, integrating empirical data with the INSYDE model using BDDS 503 
model reduces uncertainty and improves the reliability. The predictions from BDDS model with SSM 504 
and empirical data from the Meuse 1993 event have the least IS which represents a narrow prediction 505 
interval/HDI90. The predictions from BDDS model with RAM and empirical data from Elbe 2002 event 506 
results in the highest HR with approximately 93% of the empirical loss data lying within the HDI90 of 507 
the predictions, representing high model reliability. However, the IS of these predictions is also high 508 
suggesting a large uncertainty. The predictions from BDDS model with empirical data from Danube 509 
2002 event show low IS and high HR representing a good balance between reliability and uncertainty. 510 
The HDI90 is narrow for these predictions and also a large percentage (92%) of the observed losses is 511 





Figure 2 Model performances for local 10-fold CV using events and their corresponding synthetic loss 517 
models (shown in brackets) -– Cumbria 2015 (MCM), Meuse 1993 (SSM), Adda 2002 (INSYDE), Danube 518 
2002 (RAM) and Elbe 2002 (RAM). (a) MAE and MBE of flood loss predictions using synthetic models 519 
and BDDS models (b) IS and HR of loss predictions using BDDS models. 520 
 521 
Among the tested synthetic models, the SSM and INSYDE models result in the least errors (see, Figure 522 
2a). These models were developed after the occurrence of the respective events and may potentially 523 
capture flood damage processes based on recent events, which are comparable with the tested events. 524 
This may explain the better fit compared to the other models. Another plausible reason for the small 525 
errors from the SSM model is that the Meuse 1993 event resulted in small damage values (Table 1). 526 
This may lead to smaller errors in terms of MAE and MBE (Wagenaar et al. 2018). From the bootstrap 527 
iterations of MAE and MBE, the spread of the errors from the Cumbria 2015 event is the largest. This 528 
can be attributed to the low coverage (small sample) of empirical data from the Cumbria 2015 event. 529 
However, despite the limited availability of empirical data, the BDDS model enhances loss predictions 530 
from the MCM as well. The BDDS model reduces errors and provides predictive distributions indicating 531 
uncertainty and reliability of the predictions. In the case of Elbe 2002, the hit rate of the BDDS model 532 
is high and comparable with the performance of other BDDS models. However, the high IS indicates 533 
that the loss distributions are not sharp. This high uncertainty may be attributed to variability in 534 
damage processes that are not adequately captured by the variables in the RAM (i.e. water depth 535 
only). This quantification of uncertainty and reliability from BDDS model is an enhancement over the 536 
established synthetic models, which is crucial for risk-based decision making (Polasky et al. 2011).  537 
 538 
3.2. Temporal One-step ahead CV 539 
In regions where, continuous empirical flood damage data is available, the predictions from synthetic 540 
models and BDDS models are compared using temporal one-step ahead CV. The losses suffered by 541 
residential buildings due to an event in the future is predicted from a BDDS model developed using the 542 
synthetic model and all available empirical data from the past events (Figure 1 and Equation 3). From 543 
our case studies, empirical damage data from northern Italy and Germany can be used to implement 544 
temporal one-step ahead CV. 545 
 546 
Since we have empirical data from three events from Northern Italy, two BDDS models are developed, 547 
i.e. to predict losses from Caldogno 2010, the BDDS model is developed using INSYDE model and 548 
empirical data from Adda 2002, and to predict losses from Secchia 2014, the BDDS model is based on 549 
INSYDE model and empirical data from Adda 2002 and Caldogno 2010. Five BDDS models are 550 
developed for Germany using the RAM and empirical data from the past events to predict future losses. 551 
In the Danube catchment, to predict losses from the 2005 (2013) event, a BDDS model is developed 552 
using RAM and empirical data from 2002 (2002 and 2005). In the Elbe catchment, to predict losses 553 
from the 2006 (2011 / 2013) event, a BDDS model is developed using RAM and empirical data from 554 
2002 (2002 and 2006/ 2002, 2006 and 2011). 555 
 556 
The results of the temporal one-step ahead CV are provided in Figure 3a. For all the case studies, the 557 
errors (MAE and MBE) from the BDDS model temporal one-step ahead prediction are smaller than the 558 
errors from the corresponding synthetic models. The results show that compared to the INSYDE model, 559 
the performance of the INSYDE model continuously integrated with empirical data from more events 560 
is higher. For the Elbe catchment, the BDDS model’s improvement in predictive performance is 561 
observed for all future event predictions when integrated with a continuous collection of empirical 562 
data. These results suggest that, in these two regions, parameterizing the BDDS model with empirical 563 
data from events in the recent past improves the damage prediction for following events. 564 
 565 
In the Danube catchment in Germany, the BDDS model outperforms the RAM for temporal one-step 566 
ahead predictions. However, the BDDS model shows a lower performance when data from an 567 
additional event is integrated. We also notice a change from negative to positive bias. This suggests 568 
that in the case of Danube 2013 event, the BDDS model developed by integrating RAM with empirical 569 
data from 2002 and 2005 events under-estimates the losses. The uncertainty and reliability estimates, 570 
i.e. IS and HR, from BDDS model one-step ahead temporal predictions are shown in Figure 3b. The two 571 
BDDS models developed for the case study in Northern Italy result in better HR and IS estimates 572 
compared with the INSYDE model. The BDDS model shows best reliability and least uncertainty for the 573 
Elbe 2013 event with a HR close to 100% and a relatively small IS, suggesting small uncertainty. On the 574 
other hand, loss predictions for the 2013 event in the Danube catchment from the BDDS model 575 
performs the worst with the least HR of 70% and a high IS, suggesting low reliability and large 576 






Figure 3: Model performances for temporal one-step ahead CV of events using empirical data from 583 
past events and their corresponding synthetic loss models (shown in brackets) -– Caldogno 2010 (Adda 584 
2002; INSYDE), Secchia 2014(Adda 2002, Caldogno 2010; INSYDE), Danube 2005 (Danube 2002; RAM), 585 
Danube 2013 (Danube 2002, 2005; RAM), Elbe 2006 (Elbe 2002; RAM), Elbe 2011 (Elbe 2002, 2006; 586 
RAM), Elbe 2011 (Elbe 2002, 2006, 2011; RAM). (a) MAE and MBE of flood loss predictions using 587 
synthetic models (SYN) and BDDS models (b) IS and HR of loss predictions using BDDS models. 588 
 589 
During temporal one-step ahead CV, the BDDS model shows an overall improvement over the synthetic 590 
models. In the case of Danube 2013, integrating the RAM with Danube 2002 and 2005 events result in 591 
high IS and low HR (Figure 3b). This effect is also in agreement with the inferences from MBE for 592 
Danube 2013 estimated from the same model (Figure 3a). For all temporal one-step ahead CV cases, 593 
the synthetic models over-estimate the losses. However, when enhanced with empirical data from 594 
past events using BDDS model, the MBE is shifted towards zero. In the case of Danube 2013, the 595 
empirical data from past events reduces the overall bias, but leads to an underestimation of losses. 596 
This effect may result from some characteristics of the Danube 2013 event that differ from the other 597 
Danube events. For example, dike breaches that occurred during the Danube 2013 event inundated 598 
properties that were located away from the river with high water depths. These households had low 599 
flood experience and were not prepared for flooding. Hence, high intensity flooding combined with 600 
low preparedness resulted in large damages (e.g. oil contamination from heating systems). Such 601 
effects are not sufficiently captured either by the uni-variable RAM or the empirical data from past 602 
events. Hence, it is important to evaluate if the empirical data is representative of the target event’s 603 
damage processes. One example is the implementation of ensemble models based on the individual 604 
model characteristics and target case study (Figueiredo et al. 2018). A potential approach to capture 605 
the difference in damage processes between events is to introduce a multi-level model that allows 606 
both shared and separate parameters representing the similarities and differences between the 607 
damage processes exhibited by the different events (Sairam et al. 2019). The criteria for similarities in 608 
damage processes used by these studies were established on the basis of expert knowledge. To reduce 609 
the subjectivity in choice of models and relevance of empirical data, standardization of data for flood 610 
loss estimation along with a rigorous benchmarking of the loss models are important next steps.  611 
 612 
In order to interpret the importance of local empirical data, we discuss the performances of the BDDS 613 
model that is built with empirical data from the same event (local 10-fold CV) and past events 614 
(temporal one-step ahead CV). Local empirical data from the same event improves the overall 615 
reliability of the BDDS model and also results in low uncertainty, i.e. reduces IS and increases HR 616 
(Figures 2b and 3b). Hence, the use of empirical data from the same event is useful for post-event risk 617 
analysis and damage estimation. For risk-based decision making for future scenarios, we need accurate 618 
and reliable models, which can only be validated using empirical data from past events. Therefore, the 619 
IS and HR estimates obtained from the temporal one-step ahead loss predictions are more relevant. 620 
These metrics can be considered by decision makers and flood risk managers as the estimates of 621 
uncertainty and reliability of the damage model for future flood risk portfolios. In general, the BDDS 622 
model enhances synthetic models using local empirical data. 623 
 624 
4. Conclusions 625 
Synthetic models are based on what-if analyses and are hardly validated and compared with 626 
observations. Models purely developed using empirical data require large samples of detailed object-627 
level damage data, preferably from various events. By the presented approach it becomes possible to 628 
use the vast compendium of established synthetic damage functions in a harmonized probabilistic 629 
framework in order to improve damage estimation and quantify the reliability of the model 630 
predictions. We calibrate the synthetic models with local empirical damage data, for which not as many 631 
observations are necessary as for the development of empirical damage models. 632 
We have performed 10-fold and temporal one-step ahead Cross Validation (CV) for assessing the 633 
model performances for post-event and future event scenarios, respectively. Some empirical damage 634 
data from the event is used in model training for 10-fold CV. Whereas, only empirical damage data 635 
from past events are used for model training for temporal one-step ahead CV. Our validation results 636 
show that empirical loss data from past events are valuable for enhancing the synthetic models to 637 
predict damage more accurately. From the tested case studies, on average, a reduction of 50% (51%) 638 
and 88% (74%) in mean absolute error and mean bias error were achieved by BDDS model for the 639 
post(future)-event scenarios, respectively. In respect to reliability, average hit rates of 90% and 85% 640 
were achieved for post and future event scenarios, respectively. Hence, for improving estimates of 641 
future risk, empirical data collection campaigns after flood events are crucial. However, the loss 642 
predictions from the post-event scenario show higher reliability compared to the future risk 643 
predictions. This suggests that flood damage processes vary across events and therefore dynamic 644 
damage models are required to capture this variability. Within the scope of this study, the models are 645 
not tested for regional (cross-country) transferability. This is considered as a follow-up research work 646 
for the future. 647 
An important feature of the presented approach is the uncertainty quantification of the damage 648 
estimate, since this provides valuable information for improved decision making. In order to train a 649 
BDDS model for a new case study, availability of empirical damage data from past event(s) and ability 650 
to run the national standard synthetic loss model for the same event(s) are required. From the 651 
modelling perspective, knowledge concerning formulating regression equations in R (R Core Team, 652 
2019), interpretation of regression coefficients and understating probability distributions may help in 653 
customizing the presented model structure and parameter definitions, if needed. With respect to 654 
model application, no special skills are needed to use a trained BDDS model. The input data required 655 
to run the BDDS model are the same as that of the national standard synthetic model. The running 656 
time of the BDDS model is comparable to the national standard synthetic models for the samples in 657 
the tested case studies. Thus, the Bayesian Data-Driven approach is valuable for flood risk managers.  658 
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potsdam.de/howas21/). Flood damage data of the 2002 event was partly funded by the reinsurance 679 
company Deutsche Rückversicherung (www. deutscherueck.de) and may be obtained upon request. 680 
The surveys were supported by the German Research Network Natural Disasters (German Ministry of 681 
Education and Research (BMBF), 01SFR9969/5), the MEDIS project (BMBF; 0330688) the project 682 
“Hochwasser 2013” (BMBF; 13N13017), and by a joint venture between the German Research Centre 683 
for Geosciences GFZ, the University of Potsdam, and the Deutsche Ruckversicherung AG, Dusseldorf. 684 
 685 
The models presented in this paper are implemented in the stan modeling language (Carpenter et al., 686 
2017) using the brms package version 3.3.2 (Bürkner, 2017) in R (R Core Team, 2019). 687 
 688 
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